Abstract: Walkability indices can guide planning and policy for more sustainable and liveble cities. Land-use mix is an important component of walkability that can be measured in a number of ways. Many landuse mix measures require fine-scaled land-use data that are not always available, especially when analyzing walkability across larger geographic extents.
Introduction
Substantial evidence that neighborhoods with higher densities, mixed land uses, and more connected streets are associated with higher levels of walking for transport (Sallis, Floyd, Rodríguez, & Saelens, 2012) . Neighborhood characteristics that support walking -residential density, land-use mix and street connectivity -are often combined into composite walkability indices (Owen et al., 2007; Frank et al., 2010; Christian et al., 2011; Witten et al., 2012; Mayne et al., 2013) . Recently the frequently used "walkability index" (Frank et al., 2010 ) was successfully applied in examining associations between the built environment and health across 17 cities in 14 countries (Adams et al., 2014) . Comparisons of many cities across diverse countries such as this are extremely helpful for confirming the relationship between urban design and active transport. The study also provided insights as to whether the walkability index could be generalized, and under what circumstances. While the walkability index is widely and successfully used, it can be problematic to produce. In some countries such as Australia it is difficult to find a nationally consistent land-use dataset that can be used to develop the land-use measure. This makes exploring built environment similarities and differences within and between cities within the same country challenging . There is also scope for improvement in the index, particularly in its interpretation. The land-use component is complex, often not readily understood by policy makers, and does not provide insights into which types of land uses would encourage more walking.
Nonetheless, a walkability index can identify inequities across cities and guide local and state urban planning investments (World Health Organization, 2010) . Within Australia policy-makers and planners are increasingly interested in the sustainability and livability of cities (Western Australian Planning Commission, 2007; Major Cities Unit, 2011; Department of Planning and Environment, 2014; State of Victoria, 2014) . Increasing the walkability of a neighborhood or city can contribute to reaching these objectives (Hooper, Giles-Corti, & Knuiman, 2014) . The availability of a walkability index created using comparable data would facilitate national built environment and health research, and enable neighborhoods and cities within the country to be benchmarked, compared and monitored. The Australian National Livability Study, funded by The Australian Prevention Partnership Centre created an opportunity to develop a national transport-specific walkability index for use in all Australian capital cities relevant to transport-related walking behaviors . The study proposed using a walkability index common in population health (Frank et al., 2010; Christian et al., 2011) , which has been associated with walking for transport in Australian adults in selected neighborhoods from a limited number of cities (Owen et al., 2007; Christian et al., 2011; Mayne et al., 2013) . Two of the three walkability components used in these indices -dwelling density and street connectivity -could be replicated easily using existing national Australian spatial data (i.e., dwelling counts from the Australian Bureau of Statistics, and road network data currently available from a range of sources such as PSMA Australia) . The third component of the walkability index -land-use mix -was challenged by the lack of nationally consistent land-use data, and the limitations of the commonly used entropy land-use mix method. The Australian Collaborative Land Use and Management Program (ACLUMP) is a consortium of Australian Government, and state and territory government partners that promotes the development of nationally consistent land-use data for Australia (The Australian Collaborative Land Use and Management Program, 2015) . However, this focuses on agricultural land uses, and does not provide urban data at a sufficiently high resolution for the calculation of walkability indices. Urban focused land-use data are generally available in some form from local, state, and federal government departments. Unfortunately these datasets: are not standardized across (and sometimes within) Australian states and territories; can be challenging to source; often require a large amount of cleaning and processing before use; and land zoning data available through planning schemes do not necessarily represent current land use. A readily accessible and suitable national land-use dataset is therefore an unmet need for calculating walkability indices across Australian cities. Regularly collected data would be ideal, allowing for measures to be re-calculated and tracked over time.
In addition to challenges presented by the lack of land-use data, the measure of land-use mix commonly used in the walkability index has a number of limitations. The walkability index uses an entropy land-use mix method-based on Shannon's Diversity Index (Frank et al., 2010; Christian et al., 2011) . The measure is further detailed in the methods section of this manuscript. One notable limitation is that it assesses the relative proportion of different land uses, rather than distinguishing between the types of land uses. For example, an area with 50% residential and 50% recreational land use would score the same as an area with 50% retail and 50% commercial. Or, an area with 10% residential and 90% retail would score the same as an area with 90% residential and 10% retail (Hess, Moudon, & Logsdon, 2001; Brown et al., 2009; Yamada et al., 2012) . As Manaugh and Kreider (2013) argue, there is a lack of theory and evidence around the implicit assumption that an even land-use distribution is superior to an uneven distribution. The entropy measure also does not assess the interaction between land uses, for example whether they are contiguous or separate (Hess et al., 2001; Manaugh & Kreider, 2013) . Brown et al. (2009) describe further limitations of the entropy measure that include potential masking of qualitative differences in walkability, the "missing land-use problem" where land uses are present in an area but not included in the entropy score can result in mis-assessment of the true walkability, and that an entropy land-use measure may not adequately assess land-use mix if only a small number of land uses are included. Further, a land-use mix score of 0-1 is difficult for urban planners and designers to interpret and apply to create more walkable neighborhoods.
Given the limitations associated with the entropy-based land-use mix measure alternate measures of land-use mix are worth considering. Indeed, there are multiple methods for measuring land-use mix in common use (Brown et al., 2009; Brownson, Hoehner, Day, & Forsyth, 2009; Song & Rodríguez, 2005; Song, Merlin, & Rodríguez, 2013) , with measures categorized as measures of "accessibility", "intensity", or "patterns" (Song & Rodriguez, 2005) . Accessibility land-use mix measures assess the ease with which residents can reach mixed land-use activities; intensity measures assess the volume or magnitude of mixed-land uses, and pattern measures -of which the entropy index is an example -assess the evenness of land uses in an area (Song & Rodríguez, 2005) . Notably, as Gehrke and Clifton (2014) point out, whether or not accessibility and intensity are considered to be measures of land-use mix, depends on the definition of land-use mix being considered. This highlights that the subtle differences in land-use mix definitions have resulted in conceptually different measures.
Previous research assessing different land-use mix measures points towards the potential of alternate, simpler measures. Lee and Moudon (2006) demonstrated that distance measures to daily destinations (an accessibility measure) are simple and effective alternatives to more complex measures of landuse mix and connectivity. A later study comparing different land-use measures and the relationship with BMI, overweight, and obesity demonstrated that the presence of walkable land uses was more important for the walkability of neighborhood than the entropy score of land-use mix (Brown et al., 2009) , which measures evenness of land uses. Indeed, from an individual's perspective the presence of somewhere to walk to is more directly related to the decision to walk for transport, than an abstract measure of the balance of land uses. Similarly, direct measures are easy to translate into policies and interventions (Lee & Moudon, 2006) , which makes it easier when communicating findings to policy-makers and practitioners. Accordingly, our study had two aims: 1) to identify a land-use dataset that was appropriate for use in a national transport-specific walkability index; and 2) to develop a simpler, alternate measure of land-use mix relevant to walking for transport behaviors that focuses on the presence of walkable land uses and has reduced data requirements. This study compared three land-use datasets using the standard entropy "pattern" land-use mix measure and developed two new destination-based "intensity" measures of land use. We examined the associations between the different land-use measures and walking for transport. Victoria, 2014) classifications. We focused on urban participants only as the walkability index has been theorized and previously tested for use in urban contexts . Our final sample excluded participants who did not undertake any travel (regardless of mode) within their residential neighborhood during the survey period (n=16,890), as they were potentially limited by factors unrelated to characteristics of the neighborhood built environment (e.g., illness, injury).
Consistent with previous Australian research (Christian et al., 2011) , and for the purpose of categorizing neighborhood trips, the residential neighborhood was defined as a 1600 m road network buffer created around the residential address. The road network buffer was calculated in ArcGIS v 10.2 (ESRI, Redlands) using a street network dataset sourced from VicMap Transport (Department of Sustainability and Environment, 2012d) with non-walkable roads, such as highways and on and off-ramps, removed prior to analysis.
The (then) Victorian Department of Transport and the University of Melbourne Human Ethics Advisory Group approved use of the VISTA data. Informed consent was obtained from all study participants.
Walking for transport
Since the study was interested in transport walking only, the outcome measure was a binary classification of "any" or "no" walking for transport in the neighborhood. As we were testing and comparing walkability indices generated around a person's home, only trips undertaken in the residential neighborhood were included. VISTA categorized trips based on the destination and purpose, which we used to identify likely walking for transport trips. Trips and/or destinations (that were unlikely to be for the purposes of walking for transport were excluded. The trip exclusion criteria were: trip purpose = walking the dog; or trip purpose = other recreation and the destination = park or forest or lake/reservoir or bay/beach or river/creek. Geocoded residential addresses and trip start and end points were imported into ArcGIS. The Origin-Destination function in the ArcGIS Network Analyst extension was used to calculate the walkable road network distance from every residential address to every trip segment start and end point. Custom R scripts calculated the number of walking for transport trip segments that started and/or ended within 1600 m of the residential address for each participant. Neighborhoods were categorized as having any (≥1) or no (=0) walking for transport trips.
Residential neighborhood classification
This study calculated walkability indices at the 1600 m scale for each participant. This scale was chosen based on previous research in Australia (Learnihan, Van Niel, Giles-Corti, & Knuiman, 2011; Villanueva et al., 2014 ) and a transport planning rule of thumb where 1600 m represents 20 minutes spent walking (Daniels & Mulley, 2013) . Residential neighborhoods were created by calculating pedestrian road network buffers around residential addresses.
Neighborhood disadvantage
A measure of the Australian Bureau of Statistics 2011 Index of Socioeconomic Relative Disadvantage (IRSD) was assigned to each household based on the statistical area 1 (SA1) where the household was located (Australian Bureau of Statistics, 2011d).
Spatial measures
2.5.1 Transport-specific walkability indices
All three transport-specific walkability indices were calculated using the same formula, but used data from three different sources (described below).
Dwelling density
Gross dwelling density for all three walkability indices was calculated by dividing the number of dwellings (Australian Bureau of Statistics, 2011c) by the neighborhood area in hectares.
Street connectivity
Street connectivity for all three walkability indices was calculated by dividing the number of 3-or-moreway intersections by the neighborhood area in square kilometers. Intersections were derived from the road network (VicMap Transport, 2012).
Land use
Three measures of entropy land-use mix -a "pattern" measure of land-use mix -were calculated using three different land-use datasets: "bench mark" from Victorian Valuer General Office (VGO) data, and "custom" and "meshblock" data from the Australian Bureau of Statistics (ABS). The latter two were chosen because of their national coverage. All are described in detail in the following section. Land-use categories in each dataset were classified into four or five land-use categories of interest. Ideally we would have used five land-use classes in all cases, however, lack of data prevented this when using the "meshblock" data source. These categories were selected based on previous Australian research where an entropy land-use mix measure that includes residential, retail, commercial, civic, and recreation uses was more strongly associated with walking for transport in adults (Christian et al., 2011) . Therefore, while public open space is sometimes included in land-use mix measures, we excluded it from our transport-walking specific entropy land-use mix measure. Other research has also excluded specific land uses from entropy land-use mix measures (Duncan et al., 2010) . Land classifications not falling into one of the nominated categories (e.g., industrial, agricultural) were excluded from land-use mix calculations. The area of each land-use category in each participant's neighborhood was calculated in ArcGIS. Land-use mix was calculated using an entropy formula derived from the Shannon index (Shannon & Weaver, 1949) based on that used by Frank, Schmid, Sallis, Chapman, & Saelens (2005): Where LUM is the land-use mix score, pi is the proportion of the neighborhood covered by the land use i against the summed area for land-use categories of interest, and n is the number of land-use categories of interest. A land-use mix score of 1 indicates the highest mix possible, and is considered "most walkable". In contrast a score of 0 indicates the area contains a single land use, which is considered the "least walkable."
The three walkability components were standardized using a z-score, and then summed to create the three walkability indices.
"Bench mark" dataset
The "bench mark" land-use dataset was created using 2010 data supplied by the VGO. This dataset is difficult to obtain nationally and unavailable in some areas. In Victoria, the dataset is compiled from valuation information collected by each of the 79 local government authorities into a state-wide property database. This process is conducted every two years. VGO data were provided for Victoria at the property-level, using the Australian Valuation Property Classification Code (AVPCC) (Department of Sustainability and Environment, 2012a). The APVCC in addition to Site Value, Capital Improved Value and Net Annual Value forms part of every property valuation in accordance with the Valuation of Land Act 1960. The AVPCC codes provide a single classification for each property (e.g., aged care complex, disability housing, amusement park, health clinic) with the complete list and specifications available from the Victorian Department of Planning and Local Infrastructure (Department of Sustainability and Environment, 2012a). The following steps were taken to prepare the VGO data for this study: 1. The AVPCC codes were reclassified to align with the five land uses of interest: retail, commercial, civic, recreation (excluding public open space), and residential. Where there were multiple land uses on a land parcel, a single land use was assigned based on a priority order specified above. This follows the approaches taken by Christian et al. (2011) and . 2. Properties that were not classified as one of the five land uses of interest were excluded from subsequent analyses.
"Custom" dataset
A customized parcel-level land-use dataset was created using a combination of parcel boundaries (Department of Sustainability and Environment, 2012c), zoning data (Department of Sustainability and Environment, 2012b), and geocoded business points data (Pitney Bowes Ltd, 2014) . These data are readily available nationally, with the business points obtainable on a fee-for-service basis. 1. The derived land-use layer was created following a similar process to that described by Leslie et al. (2007) . The steps were: 2. Zoning data were categorized into the five identified land-use categories (residential, retail, commercial, industrial, or "other") based on the zoning codes. Each land parcel was assigned the land-use category of the zone it was located in. Zones represent the types of land uses that could potentially be located in an area, but do not necessarily represent what is actually in an area. 3. Business points -which represent actual land uses -were coded in accordance with the Australian National Standard Information Code (ANZSIC) associated with each point. Business points categorized as "other" were removed from the subsequent analyses. The ANZSIC classification has been developed by statistics and taxation agencies in Australia and New Zealand for the production of industry statistics, and aims to align with the International Standard Industrial Classification of All Economic Activities. 4. To better represent actual land use, parcels that contained one of the remaining business points were re-classified to the land-use category of the business point. Parcels that contained more than one of the remaining business points (i.e., if there was more than one business located on a land parcel) were re-classified based on the same priority used when creating the VGO land-use dataset.
"Meshblock" dataset
The final land-use dataset was generated from 2011 meshblock data derived from the ABS. Meshblocks are the smallest national unit for statistical geography in Australia and most populated meshblocks contain between 30 and 60 dwellings (Australian Bureau of Statistics, 2011a). The ABS uses the dominant land use to assign one of ten categories to each meshblock: water, parkland, residential, industrial, commercial (includes retail), education, hospital/medical, agricultural, transport, other (Australian Bureau of Statistics, 2012).
The meshblock dataset used in analyses was created from four land uses identified as relevant: commercial, civic (comprising education and hospital/medical), industrial, and residential. Direct alignment with the remaining land-use categories used for the other two datasets was not possible.
2.6
Comparison of land-use datasets Table 1 compares how the land uses are assigned categories for each of the three datasets. This table also shows that, within the Metropolitan Melbourne study area, the overall areas for each land-use category differ substantially for the three datasets. Similarly, Table 1 also shows that the areas of the land uses within individual participants 1600 m buffers differ substantially. Notably, the benchmark and custom land-use datasets are relatively similar with key differences in commercial and civic land uses. The meshblock dataset is substantially different, reflecting the coarse scale that land uses are defined at, as well, as a coarser land use categorization. Differences in land use representation between the datasets are further demonstrated for an area in an inner Melbourne suburb (Figure 1 ) and Melbourne central business district (CBD) (Figure 2 ). The bench mark and custom land-use datasets are finer-grained as they relied on point or property level data, while the meshblock dataset used area level data. All datasets revealed the same general geographic patterns including the main commercial and residential areas. However, Figure 2 shows that the meshblock dataset does not adequately capture the mixture of land uses in the CBD. 
Development of daily and local living measures
Due to the known limitations with the entropy land-use mix measure, we also developed two exploratory "intensity" measures of land-use mix: "daily living" and "local living". The results of associations between these land-use mix measures and walking for transport are reported in Badland et al. (2016) . The daily living measure was conceptualized as a count of the different types of neighborhood destinations 1600 m that a person might walk to on a daily basis. In the Australian context, this included places where someone could buy bread, milk, and a newspaper, and public transport stops that provide access beyond the neighborhood. Daily living was expressed as a combined measure of the presence or absence of the following: convenience (i.e., convenience store, newsagent, or petrol station); supermarket; and public transport stop (i.e., bus, tram, or train stop). Presence or absence of each of these destinations within every neighborhood scale was determined and scored as 0 or 1, and summed to provide a "daily living score" ranging between 0 and 3.
The local living measure was conceptualized as a count of the types of neighborhood destinations within 1600 m that people might frequent regularly (City of Melbourne, 2015). These were: convenience (as above); supermarket; public transport stop (as above); specialty food (i.e., fruit and vegetable, meat, fish, or poultry store); post office; bank; pharmacy; general practice/medical center; dentist; community center or hall; child care facility; and library. Presence or absence of each of these destinations within each neighborhood scale was determined and scored as 0 or 1, and summed to provide a "local living score" ranging between 0 and 12.
Distances from participant addresses to destinations were calculated along the walkable road network using the Origin-Destination Cost Matrix function in ArcGIS. A custom R script was run on the resulting table was used to identify the presence/absence of destinations within the 1600-m neighborhood. The distance information was not used beyond this point. The walkable road network was created from 2012 VicMap Transport road centerlines (Department of Sustainability and Environment, 2012d), with freeways and on-ramps removed prior to analysis. Destination data was sourced from a variety of sources (Table 2) . 
Statistical analysis
The agreement between the spatial measures was assessed with Spearman correlations. The land use and destination measures were standardized (i.e., divided by the standard deviation) to enable comparison. Demographic differences between neighborhood travelers and neighborhood walkers were assessed using t-tests. Due to the nested structure of the VISTA dataset -with participants located within households and statistical areas -m logistic regression models were used to evaluate the association between the three walkability components -dwelling density, street connectivity and land-use mix -and the odds of an adult undertaking at least one walking for transport trip within the residential neighborhood on the survey day. A separate model was run for each combination of the five land-use/destination measures. The models were adjusted for sex, age, household structure, household income, employment status, study status, whether an individual has a license to drive a vehicle, household vehicle availability, survey day of week (weekend or weekday), and neighborhood disadvantage. Results from the logistic regression models are presented as estimated odds ratios (OR). Analyses were conducted using Stata IC v.13.0 (StataCorp LP, Texas, USA).
Results
The final sample of travelers consisted of 16,890 adults aged 18 years and over residing in Metropolitan Melbourne who made at least one trip (regardless of mode) within their residential neighborhood on survey day. Of these, 3,505 made at least one walking for transport trip within 1,600 m of their home address. Characteristics of the population sample were presented in Badland, Mavoa et al. (2016) . Table  3 compares the sample and spatial characteristics at 1,600 m of all travelers and those who walked for transport. Living in neighborhoods characterized by higher average dwelling density, street connectivity, land-use mix (all three versions), daily living scores, and local living scores was associated with residents walking for transport. 
Spatial measure characteristics
Mean dwelling density (SD) 8.5 (5.9) 11.8 ( Table 4 presents correlations between the spatial measures at 1600 m. Daily living and local living were highly correlated. Correlations were moderate between the land-use mix measures, and high between both the daily and local living measures. Fully adjusted multilevel logistic regression models were used to assess associations between the three walkability components (i.e., street connectivity, dwelling density and land use) at the 1600 m scale for any -compared with no walking for transport trips in the residential neighborhood. The odds ratios and 95% confidence intervals from the base model (Model 1) and models using the entropy landuse mix calculated with the three different land-use datasets (Models 2, 3, 4) are presented in Table 5 . Similar magnitudes of association are demonstrated between all three entropy land=use mix measures (Model 2, 3, and 4) and walking for transport. Similarly, these three models have similar model fit statistics. Together, this indicates that choice of land-use dataset did not make a meaningful difference to effect sizes or model fit. Table 5 : Odds ratios and 95% confidence intervals from the fully adjusted base model and models examining associations between dwelling density, street connectivity, and different land-use mix measures and any neighborhood walking for transport at 1600 m (Significant results at 0.05% are shaded.) Models replacing land-use mix with the land use intensity measures of daily living and local living are presented in Table 6 . The odds of any walking for transport were higher when daily or local living measures were used compared with the entropy land-use mix measures. Moreover, the model fit statistics for the daily and local living models were slightly lower than for the entropy land-use mix models, indicating better model fit. The highest odds and best model fit was for the local living measure model. This was consistent across the three scales tested. 
Discussion
We compared the suitability of three land-use datasets for calculating a national transport-specific walkability index across Australian capital cities, using Melbourne as a case study. The Victorian VGO landuse data was the bench mark because it is fine-grained and detailed, however it is not available nationally.
It was compared with two national land-use datasets: custom and meshblock. We also developed two new exploratory "intensity" measures -daily living and local living. These were compared with the entropy land-use mix measure commonly used to calculate walkability indices, which has known limitations. We found moderate correlations across the three land-use mix measures. Since these measures were calculated using the same method, this highlights the differences in the land-use data sources. There were also moderate correlations between the entropy based land-use measures and daily and local living, suggesting the different types of measures detect slightly different aspects of the built environment. This aligns with previous research comparing entropy with other types of land-use measure (Brown et al., 2009; Merlin, 2014; Lee & Moudon, 2006) and is not surprising considering the different rationales, data, and processes used to create the measures. Our results can inform the selection of land-use datasets for conducting national research on landuse mix and walkability indices in Australia. Differences in the representation of land use by the three datasets are apparent in Figures 1 and 2 . The relative coarseness of the meshblock dataset is particularly noticeable in the CBD, and suggests it is inappropriate for use in these areas. Furthermore, the ABS notes that meshblock land-use categories indicate the main planned land use rather than the actual use (Australian Bureau of Statistics, 2011b). We therefore recommend that the meshblock dataset may be suitable for broad scale indicators of land use across Australia excluding urban areas, where a custom dataset similar to that used here is more appropriate.
Nevertheless, the meshblock dataset is appealing for urban planners, policymakers and researchers because it is freely available, requires little spatial processing, and is updated with each census. It has the potential to be amended for use in urban areas by including additional land-use categories and/or information about the percentage area of land uses within a meshblock. This would enhance its research applications, and provide major efficiency improvements and cost savings in the field of urban studies.
We have confirmed that the lack of nationally consistent and detailed urban land-use data is a problem in Australia. The scarcity of such information globally limits the comparison of spatial inequities within and between cities (Frank et al., 2010) . This study demonstrates that a customized land-use measure is feasible, but not ideal due to access costs, and data processing and knowledge requirements. In Australia, ACLUMP have successfully coordinated nationally consistent land-use mapping. A similar effort focused on fine-scale data in urban areas would be beneficial.
The results also indicate that, as found in previous research (Brown et al., 2009; Merlin, 2014; Lee & Moudon, 2006) , the entropy land-use measures are not capturing exactly the same aspects as other types of land-use measure. However, they also indicate that the daily and local living measures capture aspects of the land-use mix component of the walkability index and perhaps are more specific measures of destinations that people walk to than entropy measures of mixed use. Indeed, in some ways the local living measure captures the essentials of the walkability index -dwelling density (having sufficient density to support the location of destinations in an area), connectivity (being able to walk between two places in a relatively direct manner), and land-use mix (a proxy for destinations to walk to). Since the local living measure is a measure of places people can walk to, it may be a more direct measure of walkability than the walkability index, whose components (including entropy mixed use) are proxies.
The daily and local living measures suffer from the same equal apportionment assumption as the entropy land-use mix measures. For example an area with one public transport stop and one super-market will score the same as an area with one library and one childcare center, yet the two areas may support different travel patterns. However, the land-use categories used in the daily and local living measures were specifically chosen to be relevant for transport walking, something that is often not the case with land-use categories used in entropy measures. Regardless, the daily and local living measures produced similar results as the entropy land-use measure, yet they are comparatively simpler and less computationally intensive to calculate, more policy-relevant, easier to communicate, and less likely to lead to misleading results. Future research could build on these exploratory land-use mix measures with further empirical analysis to confirm our findings and to assist in developing travel behavior theory. This is not to say that the components of the walkability index are not important for walking, especially as our analyses only demonstrated moderate correlations between dwelling density, connectivity, and the various land-use measures. Further research is still needed to disentangle the relative roles of, interactions between, and synergistic effects of various built environment characteristics on walking behavior.
Limitations
The meshblock dataset results should be applied with caution since the travel survey data used in this study excluded the Metropolitan Melbourne CBD. Consequently, associations between walkability and walking for transport within the CBD were not assessed. However, as previously described, the national meshblock dataset does not adequately represent the detailed land-use patterns present in the CBD and should not be used for this purpose. Another limitation is that the entropy land-use mix measure does not capture vertical mixing, and instead assigns a singular land use to each parcel lot or meshblock. The daily and local living measures did not include school destinations. It is possible that some of the neighborhood walking trips recorded included parents walking their children to school, and this was not considered. This may have attenuated the findings observed.
This study only assessed the three most common components of the walkability index (dwelling density, street connectivity, and land-use mix). While the street connectivity measure was calculated using a common protocol for buffers (Adams et al., 2014) , this measure incorporates potential redundancy since the area of the network buffer and the number of intersections are correlated. The retail floor area ratio component (Frank et al., 2010) could not be calculated due to lack of data. The study was further limited by temporal mismatches between the outcome data (2009/2010) and the data used to create the walkability indices (2010 -2014) . Finally, each of the land-use datasets was deemed a priori as potentially suitable for being associated with walking for transport. However, this may not have been the case.
Conclusion
In seeking to create an Australian specific national transport walkability index, this study provides insights relevant to an international audience. We demonstrated the differences in land-use data from different sources and synthesized a national land-use data set that can be used for mixed use calculations. We also demonstrated that there was a statistically significant relationship between our exploratory destination-based measures -daily and local living -with walking for travel. Therefore, while the daily and local living measures are likely to capture slightly different aspects of the environment compared to the entropy land-use mix measure, the daily and local living measures are appropriate for assessing national walkability. Further, the results can guide the selection of datasets for use in an Australian walkability index, and inform the development of similar measures in other countries. A nationally consistent, freely-available, and detailed land-use dataset is ideal but where missing -as in Australia -we showed that creating a custom dataset is feasible.
